Abstract-This paper proposes a new target detection method in low contrast forward looking infrared (FLIR) images. Automatic detection of small targets in remotely sensed images is a difficult and challenging work. The goal is to find out target locations with low false alarms in a thermal infrared scene of battlefield. The interesting targets are military vehicles such as battle tanks and armored personal carriers in ground-to-ground scenarios. The proposed method consists of three following stages. First, center-surround difference is proposed in order to find salient areas in an input image. Second, local thresholding for a region of interest (ROI) is proposed. The ROI is selected on the basis of a salient region that is the result of first step. Third, the shape of extracted binary images is compared with binary target templates using size and affinity to remove clutters. In the experiments, the proposed method is compared with morphology method using many natural infrared images with high variability. The result demonstrates that our method is superior to the morphological method in terms of receiver operating characteristic (ROC) curve and average computation time.
I. INTRODUCTION
A human being can recognize different objects in relatively visible and peaceful environments. However, human capability is drastically deteriorated in low visible environment or in hazardous circumstance such as battlefield. To compensate for such limitations of human, intelligent and versatile automatic target recognition (ATR) is required [1] [2] [3] [4] . ATR is a task that finds out target locations and identifies the types of targets. In the near future, ATR system will be an extremely important component for a variety of defense systems such as battle tanks, aircrafts and ships.
For instance, an ATR system of battle tanks may reduce the workloads of commanders significantly by suggesting effective responses in real time. ATR system uses various sensors like visible electro-optical (EO) sensor, laser radar and infrared sensor. Among these sensors, infrared sensors mounted on defense systems have an important role to watch and identify objects in unlit areas. However, automatic target detection and recognition are very difficult tasks in remotely sensed forward looking infrared (FLIR) images because the images contain numerous artifacts such as background clutters, target signature variability, various aspect angles and partial occlusion [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] . Figure 1 shows an example of FLIR image sensed by an infrared thermal sensor mounted on a military vehicle.
Typical ATR system consists of several stages: target detection stage that extracts regions containing potential targets in an image, clutter rejection stage that attempts to classify true targets by discarding the clutters from the potential targets provided by the detection stage, and classification stage that computes a set of features and determines the types of targets. This research focuses on the initial target detection and clutter rejection in Fig. 2 .
Many researchers have developed various target detection algorithms in FLIR images. For example, typical methods are hit-miss transform, morphological wavelet [5] , morphology [21] , and directional wavelet [22] . To reject clutters in potential targets, S. A. Rizvi et al. proposed neural network approach using principal component analysis [18, 23] , and L. A. Chan et al. used eigenspace separation transform [24] in the last few years. These methods dealt with considerably large targets with about 70 × 40 (width × height) pixels in FLIR images. However, our interesting target size is less than or equal to 30 × 15 pixels in the image. Generally, a crew of military systems would like to observe targets as far as possible. The images sensed in long distance have small targets and numerous clutters. And the images are low contrast and blurred. Therefore, detecting small targets in natural field images is more difficult and important than detecting large targets in military application. We are interested in thermal infrared images which are sensed by a panoramic sight mounted on a military vehicle. The input image is provided in the form of eight bit gray scale and digitized at 640 × 480 resolution. The target size varies from 10 × 8 to 30 × 15 pixels in an image. It is dependent on the range of interesting targets.
We propose center-surround difference and local thresholding as an initial target detector, and binary template matching as a clutter rejecter. Center-surround difference in the Gaussian pyramid of an input image is presented in Sec. II.A. Section II.B describes the proposed local thresholding using membership function with similarity and adjacency. Section II.C defines binary templates and an affinity measure to reject clutters from potential targets. Performance of the proposed method is compared with that of morphological method [21] in Sec. III. The test images are low contrast and high cluttered images gathered in various conditions such as different seasons, different times of the day, different ranges, and various aspect angles. Finally, conclusion is described in Sec. IV.
II. THE PROPOSED TARGET DETECTION METHOD
The proposed method consists of sequential three stages, that is, center-surround difference operation, local thresholding and binary template matching. Flowchart of the proposed method is shown in Fig. 3 .
The previous methods of object detection tried to find salient areas in an image. However, Itti's method [25] was limited to find the most salient position in an image during one processing. In fact, because intensity of targets in natural FLIR images is sometimes lower than that of background, the most salient position is liable to be selected out of clutters in the previous approaches. Moreover, to find many salient areas, user should predetermine the number of iteration of processing related to the number of interesting targets. That is, the number of potential targets to be detected has to be predetermined in the previous methods [25, 26] . To overcome this weakness of previous approaches, we propose center-surround difference operation with adaptive threshold. The method can be easily adapted to detect salient regions in low contrast and high cluttered images.
A. Center-surround difference
From an infrared image, Gaussian pyramid with seven spatial scales for intensity is made. Figure 4 shows an example of the Gaussian pyramid which is obtained by progressive low-pass filtering and sub-sampling of the input image [27] . Images, I 1 to I 6, are made by horizontal and vertical image reduction which factors are from 1:1 (scale zero) to 1:64 (scale six). An intensity feature map is made by center-surround difference operation. Centersurround difference is implemented by the pixel difference between fine and coarse scales. The following is detailed procedure for the center-surround difference.
Step 1: Compute center-surround difference by (1). The center is a pixel at scale c ∈ {1, 2, 3} and the surround is the corresponding pixel at scale s = c + δ with δ ∈ {2, 3}.
I s has to be interpolated so that the size is scale c to compute pixel difference. As the result of (1) 
Step 2: Normalize each D i map by maximum dynamic range so that the feature value is ranged from 0 to 1. The normalized feature map N i is computed by (3). 
where d max and d min are maximum and minimum difference.
Step 3: Interpolate each N i map repeatedly to obtain feature maps with scale zero. The feature map is called F i .
Step 4: Divide an original input image into four regions as shown in Fig. 5 so that salient areas are found with relation to the local variance of an input image. The normalized standard deviation for each region, σ n,j , j =1,…,4, is computed by (4) to (6) .
where 255 is the maximum gray level of an image in (6) . Local standard deviations are used for finding salient areas in an image because image characteristic of each region is very different from that of other regions due to wide field of view of imaging sensor.
Step 5: Obtain binary image B i for each F i by thresholding by (7) . The threshold value is iteratively determined by weighting the normalized standard deviation through (8) to (10) . Weighting coefficient ω 1 is iteratively changed so that near constant number of salient regions can be found.
Step 6: Make a combined binary salient map B(x,y) by binary OR operation of each pixel for six B i maps as (9) .
Step 7: Label [28] binary objects of the B(x,y). The locations with "binary 1" in B(x,y) are salient regions of an input image. The large binary objects can be included in the binary salient map B. Because locations of the large objects may be background in an input image with high probability, the large binary objects should be removed. To do this, a prior knowledge about maximum target size is used. During labeling of binary salient map B, we remove the objects that are larger than twice of the maximum target size in our implementation. It is necessary to shorten the processing time of next steps. 
B. Local thresholding
The previous thresholding methods based on histogram of an image are not suitable for our application because a region of interest (ROI) has small number of pixels. Therefore, we propose a new thresholding method utilizing pixel intensity and adjacency. Because intensity of an object in infrared images varies severely the adjacency is useful to extract a target from images. The detailed procedure of local thresholding is presented as follows:
Step 1: Select an ROI based on a salient region that is the reference region, R r , as shown in Fig. 7 . The reference region is white regions on the binary image in Fig. 6 . X max and Y max stand for maximum width and height of targets in Fig. 7 .
Step 2: Compute similarity of each pixel by (11) in the ROI.
(12) g is intensity of a pixel and g min is minimum intensity in the ROI. And g max is the maximum intensity in the reference region. Then, similarity is from 0 to 1. 1 means that the intensity of current pixel is same with the maximum intensity of reference region.
Step 3: Compute adjacency of a pixel based on the seed position by (14) . If the distance from a pixel position (x,y) to the seed position (x',y') is d, it is given by (13). where (x',y') is the seed position that is centroid of the reference region. Adjacency ranges from 0 to 1.
Step 4: Compute membership value, µ, of a current pixel g(x,y) by (15) .
where β is set to 0.6 and determined by experiments.
Membership value is
Step 5: Make a binary image for the membership value by (16) . If the membership value of a pixel is greater than 0.5, the pixel is classified as "binary 1" that means potential target pixel. Otherwise, the pixel is classified as "binary 0" that means background pixel. The threshold value is 0.5 so that thresholding is happened at maximum fuzziness.
. otherwise 0" binary "
Step 6: Repeat from step 1 to step 5 for all salient regions.
Step 7: A pixel can be contained in many different ROIs because some ROIs lay upon another ROI. A pixel can be classified as "binary 1" in some ROIs and same pixel can be classified as "binary 0" in different ROIs by (16) . We count classification results due to different ROIs of a pixel and adopt the dominant one as a final decision result. Our criterion to make a final decision is defined as (17) .
where # 1 {g(x,y)} denotes the number of cases of that g(x,y) is classified as "binary 1" by (16) . # 0 {g(x,y)} is defined by the similar manner for "binary 0". Figure 8 shows the result of local thresholding of Fig. 1 .
C. Binary template matching
As shown in Fig. 8 , the thresholding result has many potential target chips that contain small number of true targets and many clutter chips. Therefore, clutter rejection is necessary to identify true targets by discarding the clutter chips (false alarms) from the potential target chips.
Therefore, we use a prior knowledge and binary template matching technique to remove clutters from the thresholding result. A prior knowledge is maximum and minimum target size. In our implementation, maximum and minimum target sizes are 30 × 15 pixels and 10 × 8 pixels, respectively. To generate target templates, we manually divide some binary images of true target chips into two groups by target size. Binary templates are made by two sequential operations for each group. At first, centroids of binary target images are aligned. Then binary OR operation is applied for each pixel position of binary images. Two binary templates are shown in Fig. 9 .
We define a measure of affinity to determine correlation between the templates and potential target chips. Affinity is defined by
where #(X) denotes the number of pixels with 1 in the binary image X. T is a binary template image and B is a binary image of potential target chips given as Fig. 8 . AND and XOR represent binary AND and exclusive OR operation, respectively. Clutter rejection procedure by binary template matching is such as:
Step 1: Label the binary images of thresholding result. Size, centroid and circumscribed rectangle of the binary objects are computed in the labeling.
Step 2: If the circumscribed rectangle of a binary object is larger than the circumscribed rectangle of template A, the object is excluded from the next steps.
Because width of military vehicles is mostly longer than height, the object with longer height than width is excluded from the next steps.
Step 3: Measure affinity criterion by (18) for a binary object. If the size of a binary object is larger than a half of the template A, template A is used to compute M a value. Otherwise, template B is used in calculating M a value. If M a is greater than T 1 , the object is classified as a true target. Otherwise, the component is classified as background. T 1 is 0.5 in our implementation. Parameter T 1 affects detection rate and false alarms. Template A Template B Figure 9 . Two binary templates
Step 4: Repeat from step 1 to step 3 for all binary objects.
When binary template matching and affinity measure are applied to Fig. 8 , most of clutters are rejected as shown in Fig. 10(a) . The leftmost binary object in Fig.  10(a) is a clutter but is not rejected because the shape of the object is very similar to templates. Figure 10(b) shows the enlarged region of the white rectangle of Fig.  10(a) . The leftmost crosshair is a false alarm and the other crosshairs are center of the detected targets. However, a true target in the rightmost in Fig. 10(b) is false rejected.
III. EXPERIMENTS
The imaging sensor for this experiment was an infrared thermal sight that was installed in an army vehicle. The environment was natural field that was used a training site for battle tanks. Images were gathered in various conditions, i.e., different seasons, different times of the day, engine on/off, various aspect angles. The types of targets were three battle tanks, two armored infantry vehicles, and a truck. In the database, the aspect angle of the targets was from 0° to 360° and the elevation angle of military vehicles was nearly zero. The imaging sensor was located at a distance of about 1.1~1.5 Km from targets. The twenty-four test images were selected from FLIR image data of Agency for Defense Development (ADD) in Korea. Test images are low contrast and high cluttered images. They include seventy-six targets in total. On an average, an image includes about three targets as shown in Fig. 11(a) . Figure 11(a) shows an example of medium cluttered image with three targets. Figure 10 . Result of binary template matching of Fig. 1 The result of local thresholding and clutter rejection is shown in Fig. 11(b) . Figure 11(c) shows the final result of target detection. The leftmost crosshair is a false alarm and the other crosshairs are center of the detected targets. Figure 12 (a) is a high cluttered image with five targets. The result of thresholding and clutter rejection is shown in Fig. 12(b) . Figure 12(c) is the final result that shows four detected targets, a false rejected target and a false alarm. Figure 13 We evaluate the performance of the proposed method in terms of a receiver operating characteristic (ROC) curve. For a potential target image two events can be defined, i.e., either the potential target is a real target (event "T") or it is a clutter (event "C"). When a potential target image is presented to a target detection system, the system outputs by answering "yes" (Y) meaning that it is a real target; or "no" (N) meaning that it is a clutter. The detection rate is the probability of responding "yes" given an event "T". Otherwise, the probability of responding "yes" given an event "C" is called the false alarm rate [24] . Thus, )
To evaluate the performance, the proposed method was compared with morphological method [21] which has been used in many ATR systems. For fair comparison of these two methods, clutter rejection method in Sec. II.C was added to the original morphological method in the Ref. [21] . Probability of target detection and the number of false alarms per scene can be varied by tuning algorithm parameters such as ω th and T 1 in our method.
Test results were demonstrated by the ROC curve as shown in Fig. 14 . Detection rate of morphology algorithm was 54 % but our target detector achieved 78 % detection rate with 2.0 false alarms per image. Meanwhile, computation time is also important to implement a target detector in real-time ATR system. In 2.0 false alarm rate per image, average computation time was 0.8 second in our method but 1.2 second in morphological method. It was measured by a Pentium III personal computer with 1.5 giga Hz clock and 512 mega bytes memory. This paper proposed a new target detection method which can be applied to the intelligent army vehicles in the ground-to-ground scenario. In the initial target detection stage, potential targets should not be missed to minimize incorrect rejection rate and center of targets should be found in many ATR systems such as automatic target tracker. In that sense, proposed center-surround difference with adaptive threshold and local thresholding is good to extract potential targets and find centers. The proposed method was tested in many natural images which were gathered in natural field with various environmental conditions. The experimental results proved that our proposed method is suitable for detecting small targets in FLIR images.
We will adapt the proposed method to a military system in the near future. 
